Light detection and ranging (LiDAR) technology provides horizontal and vertical information at high spatial resolutions and vertical accuracies. Forest attributes such as canopy height can be directly retrieved from LiDAR data. Direct retrieval of canopy height provides opportunities to model above-ground biomass and canopy volume. Access to the vertical nature of forest ecosystems also offers new opportunities for enhanced forest monitoring, management and planning.
I Introduction
Laser altimetry or Light Detection And Ranging (LiDAR) is an active remote sensing technology that determines ranges (i.e., distances) by taking the product of the speed of light and the time required for an emitted laser to travel to a target object. The elapsed time from when a laser is emitted from a sensor and intercepts an object can be measured using either (i) pulsed ranging, where the travel time of a laser pulse from a sensor to a target object is recorded; or (ii) continuous wave (CW) ranging, where the phase change in a transmitted sinusoidal signal produced by a continuously emitting laser is converted into travel time (Wehr and Lohr, 1999) . At present, the majority of LiDAR systems in use are based on the pulse ranging principle and, according to Wehr and Lohr (1999) , only one commercial CW airborne laser scanner exists. Consequently, CW lasers have not been used in LiDAR applications for forestry and it should be noted that all subsequent references to LiDAR systems implicitly refer to pulse ranging laser systems.
Applications of LiDAR systems have developed recently through parallel advances in global positioning systems (GPS) and inertial navigation systems (INS), also referred to as inertial measurement units (IMU) . Applications of LiDAR include flood risk mapping (McArdle et al., 1999) ; bird population modelling (Davenport et al., 2000) ; ice sheet mapping (Krabill et al., 1995) ; pesticide application (Walklate et al., 1997) ; econometric modelling (Cowen et al., 2000) ; terrain modelling (Flood and Gutelius, 1997; Kraus and Pfeiffer, 1998) ; and land cover classification (Schreier et al., 1985) , as well as an array of atmospheric (Matrosov et al., 1998) and extra-terrestrial (Kreslavsky and Head, 1999; Neumann, 2001) applications. For the details of LiDAR theory, the reader is referred to Baltsavias (1999a) and Wehr and Lohr (1999) .
Various remote sensing systems and techniques have been explored for forestry applications and are reviewed by Weishampel et al. (1996) , Wulder (1998) , and Lefsky et al. (2001a) with a comparison of various remotely sensed data sources with LiDAR. Typically, most optical sensors are only capable of providing detailed information on the horizontal distribution and not the vertical distribution of vegetation in forests. LiDAR remote sensing is capable of providing both horizontal and vertical information with the horizontal and vertical sampling dependent on the type of LiDAR system used and its configuration (i.e., discrete return or full waveform LiDAR).
In the early 1980s, the Canadian Forestry Service demonstrated the applicability of profiling LiDAR for the estimation of stand heights, crown cover density and ground elevation below the forest canopy (Aldred and Bonner, 1985) . In the same period, LiDAR was utilized to map tropical forests in Central America (Arp et al., 1982) . MacLean and Krabill (1986) also noted that the application of LiDAR for estimating forest attributes and terrain mapping may be possible as the amplitude waveforms of the reflected laser energy from a forest canopy exhibited similar characteristics to waveforms recorded from mapping bathymetry. Krabill et al. (1980) showed that contouring data from LiDAR data and from photogrammetry techniques agreed within 12-27 cm in open areas and 50 cm in forested areas. For a comparison of LiDAR to photogrammetry, the reader is referred to Baltsavias (1999c) . Given the ability to accurately measure topography, it was realized that certain forest attributes could be quantified from forest canopy profiles derived from LiDAR data. Specifically, various forest attributes can be directly retrieved from LiDAR data, such as canopy height, subcanopy topography, and vertical distributions of canopies. Attributes that can be predicted using empirical models from LiDAR data, include above-ground biomass, basal area, mean stem diameter, vertical foliar profiles and canopy volume Lefsky et al., 1999a, b; Dubayah and Drake, 2000) .
The goal of this paper is to provide a review of LiDAR applications for the remote sensing of forests. Introductory sections provide background on the use of LiDAR for remote sensing of forests and information on how the main LiDAR systems used for forestry applications operate and how they differ from one another (i.e., the intent is not to review all LiDAR sensors, but rather those commonly cited in the literature). This review summarizes the literature specific to: (i) the characterization of canopy density, closure and height; and (ii) the estimation of biomass and gross-merchantable volume. The paper concludes with some insights on LiDAR for forest monitoring, including a preview of foreseen applications and comments on what further research is required.
II An overview of LiDAR systems
LiDAR systems are based on the principle of laser ranging. Young (1986) describes that with the laser process, a highly directional optical light can be created, thus yielding the high collimation and high optical power required for ranging. Lasers were demonstrated to be advantageous for this type of measurement as high-energy pulses can be realized in short intervals and short wavelength light can be highly collimated using small apertures. The laser, coupled with a receiver and a scanning system, enables the distribution and sensing of points over a swath defined by the instrument scan angle and flying height of the aircraft (Figure 1 ), whereas the distribution of points using earlier profiling systems were constrained to the along-track path of the aircraft.
Components of a LiDAR system
There can be significant variation in design across airborne LiDAR sensors, but the basic system components are fairly standard. An onboard commercial GPS receiver operating in conjunction with one or more ground stations as part of a differential GPS solution provides the position of the sensor. The orientation of the sensor is measured by an onboard IMU.
The laser subsystem is generally based on a solid-state, diode-pumped laser from a commercial laser manufacturer. The opto-mechanical structure of the transceiver is usually built around standard off-the-shelf optics and a custom mechanical support structure. Some sensors use custom optics designed specifically to optimize aspects of that particular sensor's performance. The receiver and signal processing electronics are generally designed from available commercial components augmented by custom electronic designs where necessary. In the receiver, optical/infrared detectors, predominantly avalanche photodiodes, available from a variety of manufacturers, are used. An off-the-shelf or custom time interval meter (TIM), essentially a precision clock, is used in each channel of the receiver (i.e., TIM unit for each return pulse recorded) or the full return waveform is captured using a digitizing board. Additional electronics in the receiver are implemented to record return intensity in systems that do not record the full waveform or to monitor additional information such as return pulse polarization.
Onboard storage of the data is generally to hard disk although many earlier systems, such as Optech's ALTM sensors, still use 8 mm tape. An onboard acquisition and control computer is generally housed in a separate rack from the sensor and provides the system set-up, monitoring and data recording functions along with access to the GPS, IMU and laser control functions. These control computers are predominantly built up from available commercial hardware on a VME or Ethernet backbone, running custom firmware specific to the sensor. A handheld operator interface or remote control unit such as a touch screen laptop completes the onboard hardware.
Post-processing of the LiDAR data is conducted on standard computer workstations using a combination of proprietary code for extracting and geo-coding the laser data and proprietary or third-party software for classifying and analysing the data. The only major requirement here is that because of the massive size of the LiDAR data point clouds, mapping workstations with a minimum of 1 GB RAM, and preferably 2 GB, are the norm.
Types of LiDAR systems
LiDAR systems used in forestry applications can be categorized as either 'discrete return' systems or 'full waveform' systems and differ from one another with respect to how they vertically and horizontally sample a canopy's three-dimensional structure ( Figure 2 ). The vertical sampling of LiDAR systems relates to the number of range samples recorded for each emitted laser pulse. The horizontal sampling is determined by the area of the footprint and the number of such footprints, or 'hits', per unit area.
Discrete return systems typically allow for one (e.g., first or last), two (e.g., first and last), or a few (e.g., five) returns to be recorded for each pulse during flight. Conversely, a full waveform LiDAR system senses and records the amount of energy returned to the sensor for a series of equal time intervals. The number of recording intervals determines the amount of detail that is present in a laser footprint. An amplitude-against-time waveform is constructed from each time interval and is representative of the area of interception. For forested environments, the result is a waveform indicative of the forest structure (i.e., from the top of the canopy, through the crown volume and understory layer, and finally to the ground surface).
The information content of the returned laser signal is also a function of the horizontal sampling area. The sensor configuration of the beam divergence results in a circular sampling area (i.e., footprint), which increases in size with distance from the sensor (i.e., altitude). The footprint for most discrete return systems is on the order of 0.2 to 0.9 m. For the full waveform systems, the footprint size may vary from 8 m to 70 m (Means, 1999; Harding et al., 2000) . As a result, large footprint, full waveform LiDAR will contain information on the forest canopy and multiple forest elements rather than individual trees, whereas small-footprint discrete return LiDAR, will only sense a portion of forest elements (e.g., the side of a tree crown versus the top or peak of the crown). For full waveform LiDAR, energy that is reflected back above a specific noise threshold is recorded for given time intervals. The sensitivity of the sensor is at the level of a few photons per interval and, as a result, even small volumes of vegetation can influence the shape of the return waveform. The waveform data can be translated into a detailed description of vertical canopy volume distribution (Lefsky et al., 1999b) and can be used to model light transmittance in forest canopies (Parker et al., 2001) . With discrete return systems, the full vertical distribution of vegetation is not sensed. Instead, only a portion of the canopy and the ground level is recorded. The ability to obtain subcanopy information depends on the ability of the laser to penetrate the canopy given its canopy structure. Discrete return systems are capable of recording the amplitude (i.e., intensity returns) of each detected return; however, more research is required in order to assess the information content of the intensity return data. Despite the inability of discrete return systems to digitize full waveforms, both types of LiDAR systems are equally capable of deriving canopy height, which has been demonstrated as a strong predictor of other forest structural parameters (Lefsky et al., 2001b) . Means (1999) provides a detailed comparison of discrete return and full waveform LiDAR remote sensing systems.
For forestry applications, the ability of small footprint, discrete return sensors to capture multiple returns -to penetrate beyond the first reflective surface of the canopy -is a critical characteristic. Most commercial LiDAR systems capture between two and five returns; referred to as multipulse or multiecho capability. Very few field projects have reported detailed statistics or analysis based on the number of returns seen in each band or examined the variance of this parameter against canopy type or operational variables. Sample data sets suggest that very few fifth echoes (i.e., <0.1%), are captured even in the densest vertical canopy, while less than 1% of pulses return a fourth echo (Ron Roth, LH Systems, personal communication, 1999) . This is an area that requires further study and clarification, but it suggests that capturing three echoes per pulse may be the optimal experimental design, especially if last pulse logic is employed by the sensor. When considering last pulse logic it is important to recognize the distinction between capturing two or more returns sequentially and capturing the first/last returns detected. For example, given a hypothetical situation where there are seven detectable returns from seven unique surfaces (canopy, sub-canopy, litter, ground, etc.), a two-echo system will return elevation values from surfaces one and two, a five-echo system from surfaces one, two, three, four, and five and a first/last system from surfaces one and seven. This first/last pulse data capture is accomplished by implementing last pulse logic in the receiver electronics to sample and hold all returns after the first but only record the final return. For research where capturing the true vertical profile of the canopy is a critical measure, it is best to consider using full waveform capture as opposed to discrete return measurements.
Airborne LiDAR systems for forest studies
Dubayah and Drake (2000) state that three characteristics can be used to classify LiDAR systems for forestry. These include: (i) the manner in which the return signal is recorded (i.e., range is measured based on discrete returns or full waveforms); (ii) footprint size (i.e., small (a few centimeters) or large (tens of meters) ); and (iii) sampling rate and scanning pattern. Early LiDAR systems recorded returns along a single flight path or profile, generally using small footprints of 1 m in diameter or smaller (Nelson et al., 1984 (Nelson et al., , 1988a Aldred and Bonner, 1985; Ritchie et al., 1993) . The Airborne Oceanographic Laser (AOL) (Hickman and Hogg, 1969) was among the first LiDAR systems used for forestry applications, but was gradually replaced by custom prototype LiDAR systems developed specifically for terrestrial applications. These in turn have evolved into today's existing airborne LiDAR systems. For a more comprehensive listing of available LiDAR systems across the globe, see Baltsavias (1999b) Discrete return LiDAR is becoming an operational tool in remote sensing. LiDAR sensors are aircraft-mounted laser rangefinders designed to measure the threedimensional coordinates of a passive target. The basic principles and design constraints of LiDAR are well-known (Wehr and Lohr, 1999; Baltsavias, 1999a) ; however, there is still significant variation in design from instrument to instrument, especially across custom-designed sensors. The general characteristics and specifications of the current generation of commercial discrete return systems used for topographic mapping are summarized in Table 1 .
Over the past decade there have been dramatic improvements in LiDAR technologies. These include: (i) increases in pulse repetition rates; (ii) greater storage capacities; (iii) improved positioning accuracy; and (iv) higher flying altitudes and hence, greater swath width. This has provided for large area sampling with aerial surveys. For example, the Optech ALTM series are small-footprint discrete return scanning LiDAR systems that record the first and last return of a particular laser pulse (Flood and Gutelius, 1997) . The ALTM LiDAR systems utilize a laser with a wavelength of 1047 nm and laser pulse repetition rates of up to 33 kHz (Optech Inc.: http://www.optech.on.ca, last accessed 26 November 2002).
The SLICER was developed at the NASA Goddard Space Flight Centre as a scanning modification of a profiling laser altimeter (Blair et al., 1994) . The SLICER is a LiDAR system that digitizes the backscattered return signal resulting in the capture of a full waveform representing the vertical distribution of illuminated surfaces within the laser footprint (Harding et al., 2000) . The SLICER full waveform sensor is characterized by a laser wavelength of 1064 nm; a pulse frequency of 80 Hz; and five cross-track footprint sizes commonly ranging from 5 m to 15 m. Following the evolution of NASA LiDAR systems, Laser Vegetation Imaging Sensor (LVIS) (Blair et al., 1999) evolved from SLICER and is the airborne simulator for the Vegetation Canopy Lidar (VCL) mission (Dubayah et al., 1997) . LVIS is a large footprint full waveform instrument capable of recording data across a 1 km swath with footprint sizes varying from 1 m to 80 m with a 25 m footprint typically utilized. The VCL is a planned spaceborne LiDAR intended to collect full waveform data to characterize the three-dimensional structure of the terrestrial surface of the Earth.
III LiDAR remote sensing of forest structure
Much of the original motivation for investigating the application of LiDAR for measuring forest attributes can be traced back to early studies by Arp et al. (1982) , Nelson et al. (1984) and MacLean and Krabill (1986) . MacLean and Martin (1984) used cross-sectional photogrammetric and densitometric methods to demonstrate that the cross-sectional area of a forest canopy profile was linearly related to the natural log of timber volume. It was assumed that if LiDAR could be used to develop accurate canopy profiles, then estimates of gross-merchantable volume could be made.
In many respects, a research cycle can be observed in the literature. Whereas earlier studies have been limited primarily by technology, more recent studies have benefited from a suite of scanning and profiling laser altimeters capable of recording a discrete quantity of laser returns or the full waveform of a pulse. The focus of earlier studies was on establishing statistical relationships between laser-derived measurements with ground-based measurements in the form of predictive linear models (Nelson et al., 1984) . With significant advances in technology, the same needs exist to verify that new LiDAR systems are capable of matching previous results, if not improving upon them. Furthermore, with the proposed Vegetation Canopy Lidar (VCL) project (Dubayah et al., 1997) , airborne simulators such as the LVIS are now being tested.
1 An overview of how canopy height is calculated from LiDAR data A requirement for calculating canopy heights using both discrete return and full waveform LiDAR data is the ability to identify some ground reference level below the canopy. In the case of discrete return LiDAR data, canopy height estimates are calculated by taking the difference between those LiDAR returns not classified as ground and a surface representative of the terrain, which is typically interpolated from remaining returns after the point cloud has been filtered using a vegetation removal algorithm.
Terrain mapping surveys are typically carried out using a discrete return scanning LiDAR system. Full waveform LiDAR systems are primarily used by researchers for science applications and have yet to be truly commercialized. Creating an accurate representation of the ground surface consists of removing all nonground returns (e.g., vegetation and buildings) from the three-dimensional point cloud. Axelsson (1999) refers to this process as filtering. Different filtering techniques exist and are either based on statistical criteria (Kraus and Pfeiffer, 1998) and/or morphological criteria (Kilian et al., 1996) . An explicit assumption made in most classifiers applied to discrete return LiDAR data is that the lowest returns in the three-dimensional point cloud are ground returns. Care must be taken to pre-process LiDAR data to ensure that spurious returns (e.g., outliers and gross errors) caused by errors in the TIM unit, which is responsible for time-stamping returns, or from atmospheric effects, are removed prior to classification. These errors are easily identified as exaggerated depressions or spikes with improbable ranges in the three-dimensional point cloud. The assumption that the lowest returns are in fact ground may hold in urban, clear and open (e.g., deserts), and sparsely vegetated areas, but may not hold in forested or densely vegetative areas, where the possibility exists that the ground itself is completely or partially masked by low-level vegetation. Filtering and classification of the three-dimensional point cloud produced by discrete return scanning LiDAR systems is a challenge and is a focus of current research. Baltsavias (1999c) comments that interpreting the three-dimensional point cloud without ancillary optical imagery is indeed a challenge.
For full waveform LiDAR data, canopy heights can be calculated by converting the elapsed time difference between the peaks of the two most prominent modes in the amplitude waveform into range. According to Roberts (1998) , the highest peak of the largest mode in a waveform does not necessarily always correspond to the highest point in the canopy, but is instead a function of the canopy structure (e.g., density and closure). Time differences can also be calculated between the leading and trailing edges of the two most prominent modes in the amplitude waveform as demonstrated by Nilsson (1996) . Harding et al. (2001) present methods of developing representative canopy height profiles of the relative vertical distribution of canopy surface areas from full waveform SLICER data.
Many of the initial studies of the application of LiDAR for forestry focused on verifying through statistical analysis that LiDAR could be used to accurately measure forest attributes. The focus has been on canopy tree height given the nature of this attribute as a predictor variable for other forest attributes, such as biomass and volume (Arp et al., 1982; Aldred and Bonner, 1985; Schreier et al., 1985; MacLean and Krabill, 1986 ). However, it was suspected that the laser response to a forest canopy was not solely a function of tree height, but also a function of canopy closure and density, which could itself be studied by LiDAR (Nelson et al., 1984; Aldred and Bonner, 1985) . The significance of this hypothesis is that if canopy closure and density significantly influence laser response, then inaccurate canopy profiles may be derived from LiDAR data resulting in poor estimates of forest attributes. Nelson et al. (1984) surveyed an area exhibiting a gradient of canopy closures caused by gypsy moth damage using the AOL. They successfully verified the above hypothesis by showing how forest canopy profiles varied across the study area. Furthermore, Nelson (1997) demonstrates that spherical crown shapes in closed canopy situations lead to increased canopy height and a decrease in the variation in canopy height. Ritchie et al. (1993) found that mean LiDAR heights from a first return LiDAR were significantly related to mean target heights in pine forest and grassland sites in Niger. Unlike Nelson et al. (1984) , who explored the influence of known percentages of canopy closure on laser responses, Ritchie et al. (1993) used the coefficient of variation of mean tree height measurements from eight sites as an indicator of canopy closure. Large coefficients of variations were identified as an indicator of open canopies, whereas small coefficients of variations (e.g., less than 40%) were identified as an indicator of relatively closed canopies. Nelson et al. (1988b) , while studying a southern pine stand using AOL-derived LiDAR data, observed that the mean LiDAR height measurements from two distinct flight lines underestimated the ground measurements by approximately 30% or 4 m. Nilsson (1996) during his studies of a Scots pine stand using an airborne scanning laser mounted on a helicopter found that mean tree height was underestimated by 2.1-3.7 m. He had also investigated the effects of different beam divergences (i.e., 2.5, 5.0, 7.5 and 10.0 mrad) on LiDAR tree height measurements and concluded that differences in measurements were negligible and that all beam divergences were usable for measuring tree height. These beam divergences equate to footprint sizes ranging from 0.75 m to 3.0 m. Naesset (1997) studied 36 stands covered by Norway spruce, Scots pine, or both using an Optech ALTM and also found that the mean of the LiDAR canopy heights within each stand underestimated ground-based estimates by 4.1-5.5 m. Although it was not explicitly stated, the influence of canopy structure on the laser response was considered by incorporating Lorey's height in the calculations for each plot. Lorey's height is a weighted mean of canopy height based on the basal area of individual trees to account for the influence of larger trees on the mean canopy height. Despite this change, the weighted mean of the LiDAR canopy height still underestimated ground-based estimates by 2.1-3.6 m. Finally, a 15 m´15 m grid was draped over each stand and the largest tree from each grid cell was selected to derive a mean canopy height. This approach implicitly assumed that the laser response was related to the largest trees in the stand and resulted in mean differences between -0.4 m and 1.9 m. Regression of the LiDAR stand heights against ground reference stand heights accounted for 91% of the variation. Basal area and the number of trees per hectare, expressions of stand density, were determined to be significant parameters and when included in a multiple regression accounted for 94% of the variation.
The majority of LiDAR studies have focused on coniferous forests where tree crowns are conic in shape. Studies have shown that tree heights are underestimated by smallfootprint LiDAR because of the low probability of a small-footprint laser pulse intercepting the apex of a conic crown (Nilsson, 1996; Naesset, 1997; Nelson et al., 1988b) . Underestimates of tree heights given conic crown shapes should not be a deterrent for the use of small-footprint LiDAR, especially in the case of small-footprint discrete return LiDAR, since the differences between LiDAR canopy height and actual canopy height can be modelled (Magnussen and Boudewyn, 1998) .
Of the 36 Douglas-fir plots studied by Magnussen and Boudewyn (1998) , mean LiDAR canopy heights were shown to be 3.1 m lower than mean field heights. In their study, they outline why simple grid approaches, where only the maximum canopy heights within cells are retained for analysis (e.g., Naesset, 1997) provide the closest matches to target heights. Boudewyn (1998: 1017) state that 'the essence of the grid-based system is in the selection of a certain quantile of the LiDAR canopy height that best matches a known target height'. On the basis of this concept, they verify their hypothesis that 'the quantile of the LiDAR canopy heights matching in probability the fraction of leaf area above a desired height would be an unbiased estimator ' Boudewyn, 1998: 1030) . Using these results, Magnussen et al. (1999) present two tree height recovery models. The assumption of one of the models is that 'observations are sampled with probability proportional to displayed crown area', while the second is 'derived from the probability that a laser beam penetrates to a given canopy depth' (Magnussen et al., 1999: 407) . Both models were shown to eliminate the underestimation bias of mean LiDAR canopy heights.
The work by Magnussen and Boudewyn (1998) and Magnussen et al. (1999) is significant as it provides an explanation of laser response to forest canopy structure and how it can be dealt with to ensure accurate measurements of forest attributes derived from LiDAR data. Furthermore, evidence in support for Magnussen and Boudewyn's (1998) concept that a certain quantile of LiDAR canopy heights is a best estimate of actual ground height can be found in the work done by Ritchie et al. (1993) where the inclusion of the highest 10% of LiDAR measurements did not produce significant differences between LiDAR measurements and ground measurements, while significant differences were produced when the highest 15% of LiDAR measurements were used.
Beyond measuring mean tree heights for study plots and forest stands, some attention has been directed towards delineating individual tree crowns in LiDAR data and predicting individual tree heights. St-Onge et al. (2000) used small-footprint LiDAR data acquired from an ALTM to study individual trees. A Laplacian of Gaussian (LoG), a combined spatial filter and edge detection operator, was applied to a canopy height model to delineate individual tree crowns. The LoG requires the input of a spread parameter (s), equivalent to the standard deviation of a distribution. This parameter is typically selected in an ad hoc fashion and the results are visually compared with the original images. The heights of 36 delineated trees in a canopy height model, corre-sponding to the highest LiDAR hit in the delineated crowns, were compared with corresponding ground measurements using a linear model (r 2 = 0.90, significant at 0.01).
With the recent work by Magnussen and Boudewyn (1998) and Magnussen et al. (1999) , evidence clearly suggests that tree height can be recovered from LiDAR data just as accurately as from ground measurements, if not more accurately. St-Onge et al. (2000) demonstrate that the focus of the application of LiDAR may be shifting from the landscape/stand scale (e.g., forest inventories) to a local/tree scale (e.g., forest inventories stratified by species). The potential of LiDAR for forestry is slowly coming to fruition and as a result others have begun to explore LiDAR as an operational forestry tool (e.g., Tickle et al., 1998 Tickle et al., , 2001 .
SLICER-derived LiDAR measurements (e.g., mean canopy height, canopy reflection sum, quadratic mean height, canopy closure, ground reflection sum and median canopy height) of Douglas-fir plots have been combined to estimate various forest attributes . The coefficients of determination were found to be high for tree height (0.95), basal area (0.96), total biomass (0.96), foliage biomass (0.84) and canopy cover (0.94). The authors comment that these strong relationships are not surprising given the well established relationship between tree height and other forest attributes. An interesting note is that the SLICER data overestimated tree height. Means et al. (1999) attribute this overestimation to methodological differences in terms of how mean canopy height was calculated for the LiDAR and ground data.
Biomass and volume
MacLean and Krabill (1986) demonstrated that a LiDAR-generated canopy profile area was a significant variable in estimating gross merchantable timber volume. Multiple regression relating the natural log of timber volume to the full profile area and a profile area with a 10 m exclusion level produced promising results (R 2 = 0.721 significant at 0.01). By considering the profile area with a 10 m exclusion level and the predominant species of each plot expressed as a ratio of the volume of the predominant species to total volume, an R 2 value approaching 0.90 was obtained. Furthermore, they demonstrated that an overall R 2 value of 0.921 could be achieved if the LiDAR data were stratified by species. However, Nelson et al. (1988a) showed that stratification of southern conifers only slightly improved the accuracy of their volume and biomass estimates (1.0% and 0.4%, respectively).
Using 113 sample plots, Nelson et al. (1988a) tested two logarithmic equations for estimating biomass and volume with six LiDAR-derived canopy measurements to determine which model could best describe the variation in the ground measurements. The LiDAR height variables considered included average LiDAR canopy height of the three largest trees; mean plot height; mean canopy height; and modified canopy profiles with a 2 m, 5 m and 10 m exclusion level. From the 12 models tested, models applying the mean plot height metric derived from all LiDAR pulses as an input parameter were identified as the best models.
General linear models using one input parameter such as mean LiDAR plot height to estimate biomass and volume is not a standardized practice or the only way of making these estimates. Nilsson (1996) estimated stand volume as a function of: (i) the waveform area for a single laser return; (ii) the LiDAR height of a single laser return;
and (iii) the total number of LiDAR returns in a single plot. The regression equation model using these independent variables produced a coefficient of variation of 0.78 for estimates of stand volume.
As with any scientific model, results produced must be repeatable in order to gain widespread acceptance. Using the best biomass and volume equations identified in Nelson et al. (1988a) , Nelson et al. (1988b) explored the ability of LiDAR to consistently repeat biomass and volume estimates over Appalachian hardwood forests predominantly composed of oak and hickory. They demonstrated that the difference between mean estimates of biomass and volume for distinct flight segments along the same flight line varied between 3% and 6%. A comparison of mean estimates of biomass and volume from two flight lines to actual ground measurements showed differences between 7% and 8%. The authors concluded that LiDAR measurements could be repeated and that with better registration of the laser track on the ground, the ability to model forest biomass and volume can only improve. Wulder et al. (2000) have also shown the stability of LiDAR height estimates on a point and polygon basis. First, SLICER data generated the same heights for points collected from differing, yet overlapping flight lines. Secondly, estimates of the average tree height within forest inventory polygons from LiDAR data collected from differing flight lines were also found to be similar. A recent study by Lefsky et al. (1999b) reported on attempts to predict stem diameter of trees using LiDAR data, which is a required input for many traditional predictive models of biomass and volume. However, because the diameter of a tree can generally be modelled as a function of tree height and that tree height measurements can be accurately derived from LiDAR, stand biomass and gross-merchantable volume can be indirectly modelled using LiDAR tree heights.
The Canopy Volume Method (CVM) is a novel method for the description of forest canopies, specifically the physical structure of the canopy (Lefsky et al., 1997 (Lefsky et al., , 1999b using full-waveform SLICER data. The principle is to transform the waveform into a canopy height profile and then, using a threshold, classify the profile into four zones: (i) empty, which includes no canopy or ground material; (ii) euphotic, which contains elements in the uppermost 65% of the canopy closure; (iii) oligophotic, which constitute the remaining elements not included in the euphotic or empty zone; and (iv) open gap volume (added to each waveform and represents the difference in space between a waveform and the maximum waveform height considered for a study plot). Subsequently, total volume for each of the four zones can be calculated for a set of waveforms in a study plot.
By plotting the volume of each class against height, Lefsky et al. (1997) demonstrate how Douglas-fir/western hemlock stands of differing age can be distinguished from one another based on the vertical distribution of the four canopy classes. Lefsky et al. (1999b) , using the CVM, demonstrate that nonasymptotic predictions of biomass up to 1200 Mg ha -1 and LAI up to 12 could be made and that 90% and 75% of the variance could be explained for biomass and LAI, respectively. More importantly, Lefsky et al. (1999b) represent the first study that successfully estimated mean diameter at breast height (DBH) and the number of stems greater than 100 cm in diameter in a set of study plots.
Establishing relationships between LiDAR measurements of forest attributes with corresponding ground measurements has been difficult in tropical forests, given the complexity of the forest structure . However, Drake et al. (2001) demonstrated that the height of median energy (HOME) LiDAR metric was strongly correlated with basal area and quadratic mean stem diameter using LVIS data collected in Central America. However, the HOME metric differed significantly from aboveground biomass estimates derived from allometric equations. Despite the complexity of tropical forests, the potential of full waveform LiDAR to estimate forest structural parameters is evident.
IV The future of LiDAR for forestry
The potential of LiDAR as a forest inventory and sampling tool has been demonstrated. Although LiDAR technology has matured and large-area land inventories are now being carried out, the required knowledge and techniques to process LiDAR data for applications in forestry is not sufficiently developed for direct application by the forest industry.
In general, the theoretical understanding of the relationships that exist between forest structure and LiDAR response is still incomplete. Apart from the work of Magnussen and Boudewyn (1998) and Magnussen et al. (1999) for discrete return systems, and the work of Roberts (1998) , Sun and Ranson (2000) , and Ni-Meister et al.
(2001) on full waveform, most of the research is of an empirical nature. A better theoretical understanding could help guide algorithm development for improved forest parameter estimation based on accurate classification of LiDAR canopy and ground hits.
In addition, certain aspects of LiDAR have remained undeveloped. For example, little emphasis has been placed on how the intensity component of the laser return signal can be used as a source of information for forestry. Schreier et al. (1985) reported how reflectivity from a laser with a wavelength of 904 nm could be used to discriminate between different types of vegetation cover. Using (i) mean reflection as a percentage of the total sum; (ii) reflection variability expressed as a percent coefficient of variation; and (iii) mean height as a percentage of the total sum as parameters for a ternary diagram, they demonstrated that the space in the ternary diagram in which coniferous forests occurred was distinct from other classes, such as broadleaf forests and ground-cover vegetation. These results imply that the intensity of the laser return signal can be used for classification purposes.
Data fusion between LiDAR data and other image sources is becoming a research topic in itself. Some studies concern the simultaneous use of LiDAR and multispectral images (Hudak et al., 2001) while others consider the combination of three-dimensional information obtained from LiDAR and standard photogrammetric techniques (St-Onge and Achaichia, 2001) . Combining the three-dimensional LiDAR information to twodimensional spectral information for forest inventory and mapping is certainly an area of significant potential.
The use of LiDAR in ecological studies has begun to slowly emerge in the literature. Spatial patterns of forest canopies have been explored using multifractal analysis of LiDAR and ground-based canopy heights by Drake and Weishampel (2000) and are of significance to scientists investigating scaling issues. Their multifractal analysis revealed the existence of local differences, or fine-scale patterns, within adjacent transects surveyed with the same technique (e.g., LiDAR). Weishampel et al. (2000) investigated the spatial patterns of LiDAR returns derived from LVIS in an old-growth tropical forest using a lacunarity algorithm and found spatial patterns of the returns to be isotropic and exhibit fractal properties of self-similarity. Without question, more landscape ecology studies based on LiDAR data will be reported in the literature in the near future.
Current research by Japanese researchers involves the development of laser-induced fluorescence (LIF) imaging LiDAR for forestry applications. According to Saito et al. (2000: 129) , 'LIF imaging LiDAR was developed to monitor and measure the chemical activities and status of trees and forests'. In contrast to studies presented here, their focus of LiDAR for forestry is not on how LiDAR can be used as an inventory and sampling tool, but rather how it can be used as a tool to monitor and assess forest ecosystem health. Results from Saito et al. (2000) demonstrate the capability of LIF imaging LiDAR to estimate chlorophyll concentrations in leaves and the potential to carry out surveys at a landscape scale.
Finally, the evolution of LiDAR technology will continue to enhance data quality and richness. Pulse repetition rates and flying heights will continue to increase, allowing for denser and more cost-effective surveys. Automated co-registration of concomitant LiDAR and photographic data will enhance data fusion.
V Conclusion
LiDAR remote sensing is a maturing and expanding technology. It is clear that applications for LiDAR in forestry will continue to increase. Pulse rates and resolution may become more adaptive in terms of footprint size and spacing according to the type of terrain being mapped. System accuracy will increase for higher flying altitudes for larger area coverage. Finally, LiDAR systems will likely become integrated with digital cameras, creating an effective fusion with photogrammetry. Similarly, a fusion between geometric laser scanning and multispectral imaging systems can be expected to make up for the lack of multispectral information currently available from stand-alone LiDAR systems. Therefore, by integrating LiDAR systems with imaging sensors, more robust systems will emerge, thereby satisfying the wide range of data requirements of the forest practitioner at local and regional scales.
